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Abstract 
Uncertainties in future energy prices and policies strongly affect decisions on 
investments in process integration measures in industry. In this paper, we present a five-
step methodology for the identification of robust investment alternatives incorporating 
explicitly such uncertainties in the optimization model. Methods for optimization under 
uncertainty (or, stochastic programming) are thus combined with a deep understanding 
of process integration and process technology in order to achieve a framework for 
decision-making concerning the investment planning of process integration measures 
under uncertainty. The proposed methodology enables the optimization of investments 
in energy efficiency with respect to their net present value or an environmental 
objective. In particular, as a result of the optimization approach, complex investment 
alternatives, allowing for combinations of energy efficiency measures, can be analyzed. 
Uncertainties as well as time-dependent parameters, such as energy prices and policies, 
are modelled using a scenario-based approach, enabling the identification of robust 
investment solutions. The methodology is primarily an aid for decision-makers in 
industry, but it will also provide insight for policy-makers into how uncertainties 
regarding future price levels and policy instruments affect the decisions on investments 
in energy efficiency measures. 
 
Keywords: stochastic programming, process integration, investment planning. 
1 Introduction 
1.1 Background 
Several studies have shown that there are many opportunities for increasing the energy 
efficiency in industry by using process integration (IEA, 2007), but despite the fact that 
many of the suggested measures are shown to be profitable, few have actually been 
implemented. One of the main reasons seems to be that companies are not willing to take 
the risk associated with making such investment decisions because they lack good 
background information on their possible outcomes. The economically optimal choice of 
energy efficiency measures is dependent on, for example, future energy prices, policy 
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instruments and the availability of new technologies, all of which are highly uncertain 
entities.
Although studies, for example in the pulp and paper industry (FRAM, 2005; KAM, 
2003), show that many energy efficiency projects can become profitable, the conclusions 
from the studies are rarely clear on which measures to take, but rather give different 
advice for different scenarios. This is of course of little help when decisions have to be 
made before the outcome of uncertain parameters is known; picking the best decision for 
a high-price scenario could be the worst thing to do if ending up in the low-price scenario, 
and vice versa. A decision that is not the best one for any scenario could still be the best 
choice overall, because it acts as a hedge against future uncertainties, and thereby has a 
good enough profitability for every scenario. Such a solution, which is good for a variety 
of values of the uncertain parameters, is here said to be robust. 
Uncertainties are especially important to consider in the optimization of strategic 
investments, when the decisions have to be made in the near future, but the investment 
will be affected by long-term variations and changes in energy market parameters. 
In analyses of energy systems, one common way of dealing with uncertain 
parameters is to carry out a sensitivity analysis (Saltelli et al., 2004) to analyze the 
stability of the solution. Sensitivity analysis is a way to study how an optimal solution, 
that is, the optimal set of decisions, will change with changes in the input parameters. 
However, the optimal decisions to be made under uncertainty may never be revealed 
using this approach. Wallace (2000) posed the question: ‘Is sensitivity analysis of any 
use?’, and showed that it is far from being a good substitute for incorporating uncertainty 
directly into the optimization modelling. In short, sensitivity analysis will never reveal 
solutions for which flexibility has a cost, since flexibility is not an issue when each 
scenario is analyzed separately. When decisions have to be made before uncertainties are 
resolved, flexibility will, however, be of value, which might make it worth the extra cost. 
By formulating the optimization of investment decisions in a stochastic programming 
model, flexible solutions are considered, in addition to all of the solutions that would be 
revealed using sensitivity analysis. 
1.2 Aims and scope 
The aim of this work is to use existing mathematical modelling and methods for 
optimization under uncertainty (or, stochastic programming), and incorporate knowledge 
of process integration and process technology in order to achieve a better framework for 
decision-making regarding energy efficiency measures. The objective is to find the 
combination of investments that results in the highest net present value (NPV), which is 
expressed by the formula 
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where T is the economic lifetime (in years) of investments, r is the discount rate, C0 is the 
initial investment, and Ct is the net cash flow (revenues minus costs) in year t. The net 
cash flow of the final year, CT, is adjusted for the value remaining after the economic 
lifetime (the residual value). We have developed a multistage stochastic optimization 
model to improve the investment planning of energy efficiency measures under price and 
policy uncertainty. Here, instead of maximizing NPV for each scenario separately, the 
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expected value of NPV over all scenarios is maximized. The initial investment is required 
to be the same for all scenarios since the first investment decision is taken before the 
outcome of the uncertain parameters is known. The objective function is hence to 
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where E denotes expectation, S denotes the set of all scenarios s, ps is the probability for 
scenario s to occur, x = (x0, xs) where xs is a vector of decision variables corresponding to 
scenario s and representing, e.g., investment decisions or operating plans, and x0 is the 
vector of decision variables associated with the initial investment and which is 
independent of s. Further, the initial investment C0 is a piecewise linear function of the 
decision variables, x0, and the net cash flow, Ct, in year t is a function of the decisions, x, 
and the uncertainty parameters, ωs, for scenario s.  By optimizing the objective function 
given by Eq. (2), we expect to find solutions that improve the investment planning of 
process integration measures, both since this methodology may produce solutions that are 
not found in a traditional investment analysis, and since it makes it possible to find 
solutions that are robust (Svensson et al., 2008b). 
When incorporating uncertainty into investment decision modelling, the resulting 
model naturally becomes a stochastic integer programming model (see the paragraph 
below). This is the framework that our methodology is based on. However, something 
should be said about the real options approach that explains the underlying economic 
assumptions for such a framework, which in this application can be regarded as a special 
case of stochastic programming. While traditional economic decision rules are based on 
either reversibility of investments or ‘now-or-never’ statements, such assumptions are in 
many cases not valid in real situations. Investments can usually not be ‘undone’, but there 
is often a possibility of delaying them. When uncertainty is introduced, there might be a 
value of waiting if it leads to more relevant information being revealed and uncertainty 
thus being reduced. By investing immediately, this value would be lost. If there is a value 
of waiting, there is, in other words, an opportunity cost of investing. This opportunity cost 
is not accounted for by traditional investment rules (Dixit and Pindyck, 1994). 
Multistage stochastic programming is one methodology for modelling the real 
options investment problem. The theory of stochastic linear programming is covered in, 
e.g., Birge and Loveaux (1997) and more recently in Ruszczyński and Shapiro (2003) and 
Kall and Mayer (2005). As for deterministic optimization, the introduction of integer or 
binary requirements on variable values makes the model considerably more time 
consuming to solve. The scenario tree modelling of the random variables further increases 
the size of the problem. However, the model will at least remain mixed-binary linear also 
with the introduction of uncertainties and will be possible to solve. Stochastic integer 
programming is described in, e.g., Louveaux and Schultz (2003) and Sen (2005). 
In stochastic programming, it is acknowledged that decisions have to be made before 
uncertainties are resolved. This introduces at least two stages in the decision-making 
process. In this application, the first-stage decision is made on which initial investments 
should be carried out. As time goes on, the true values of the uncertain parameters such as 
energy prices, are revealed. Then, in the second stage there is a possibility of reacting to 
the outcome of these resolved uncertainties. For our application, the second-stage 
decision concerns the operating plans for the different technologies in which investments 
were made in the first stage, in order to achieve maximum revenues. Second-stage 
decisions also involve decisions on further investments to be made at that stage, as a 
reaction to the outcome of the uncertain parameters. This kind of model with two types of 
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decisions where the second one is a reaction to the first, as well as on the realization of 
the uncertain parameters, is termed a recourse model. The division of decisions into two 
stages is one of the main differences of stochastic programming compared to 
deterministic optimization and sensitivity analysis. 
Since investment decisions in industry must be based on economic profitability, the 
default objective is an economic measure. However, not only have environmental issues 
attracted increasing concern, but future CO2 emissions targets and policies are also 
strongly related to the uncertainties affecting these kinds of investments. Because of that, 
the model is adapted for analyzing CO2 emissions. In this way, the trade-off between 
economic and environmental objectives can be studied. 
Also for policy-makers promoting energy-efficiency measures in industry, 
uncertainties are important to consider. Industries that invest in energy efficiency 
measures contribute to a reduction of CO2 emissions. A high CO2 emissions charge (in 
the form of a tax or tradable emission permit price) makes investments in CO2 emissions 
reductions more favourable. On the other hand, if the future charge level is unknown, 
there is a high uncertainty regarding the expected future cash flows. Therefore, 
investments might not be realized although they should be favourable, because of the 
higher risk and increased difficulty of how to analyze the different investment 
opportunities.  
1.3 Related work 
There are, to our knowledge, not yet any studies in which uncertainty about future energy 
market conditions is explicitly incorporated in the economic optimization of investments 
in process integraton or plant-wide energy efficiency. If uncertainty is accounted for it is 
by post-optimization sensitivity analysis, see e.g. Ådahl and Harvey (2007). 
There are, however, several energy-related studies, which are presented below, which 
deal with decisions about investments and they all confirm the importance of accounting 
for uncertainty and timing. 
Birge and Rosa (1996) incorporate investment uncertainty into optimization models 
to determine the optimal policy for investments in new energy technologies on a U.S. 
region scale. They show that simply by ignoring uncertainty, possibly 2% of overall 
economic activity may be lost. Investment decisions are, however, normally not taken at a 
national level. In our model the system is limited to what the decision-maker actually has 
economic control over, which typically is the energy system of one particular plant.  
Blyth et al. (2007) investigate investment risks under uncertainty in a study of the 
timing of investments in power generation and, as in our model, they see the system from 
the point of view of a private company. Their main conclusion is that, in order for policy-
makers to promote low-carbon technologies, some long-term certainty about the future 
policy development should be provided. Yang et al. (2008) use the same methodology 
and conclude that uncertainty becomes more important to consider if the time between 
decision and policy event is short, because the value of waiting for better information 
increases. The effects of the uncertainties vary depending on technology and the way 
variations in carbon, fuel, and electricity prices are correlated. Fuss et al. (2008) studied 
the investment decision-making in the electricity sector under two types of uncertainty. 
Market uncertainty coming from fluctuations around a known trend was shown not to be 
of much concern. Uncertainty due to the absence of clear policy signals, however, was 
shown to lead to postponed investments in environmentally friendly technologies. They 
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concluded that with a clear, long-term commitment plan, emissions abatement activities 
would start earlier. 
Laurikka (2006) shows that, within an emissions trading scheme, a traditional 
investment decision rule concerning investments in IGCC (Integrated Gasification and 
Combined Cycle) technology may lead to biased results compared to an approach where 
uncertainties and real options are accounted for. Wickart and Madlener (2007) develop a 
model for the choice between combined heat and power production and heat-only 
production for an industrial firm. The model accounts for uncertainties in energy prices 
and determines the best technology choice as well as the timing of the investment. They 
suggest that for policy-making, the interrelationship between policies and energy price 
variability should be accounted for. Diederen et al. (2003) explain the gap between the 
expected and the observed adoption of energy-saving technologies in the Dutch 
horticultural sector by using a real options approach. They explained at least part of the 
observed gap to be due to uncertainties in energy prices. 
A difference between our model and all of those mentioned above is that, in our case, 
the investment decisions affect each other in a very direct way, making it impossible to 
associate a cash flow to a specific investment. An example is the benefit from the 
investment in a turbine, which cannot be determined without knowing to what extent 
investments in steam savings have been carried out, and to what extent the acquired steam 
is used in the turbine. The benefit from investments in steam savings, on the other hand, 
is nothing without the opportunity to, for example, use it to produce electricity. A number 
of constraints in the optimization model are therefore needed to model these mass and 
energy balances of the plant, and a deep understanding of process integration is needed to 
understand the relations between the measures in order to formulate the constraints 
correctly. While we still aim at optimizing the timing of decisions with regard to 
uncertainty, we are also faced with the non-trivial problem of deciding on which 
combination of energy efficiency measures that should be realized, out of a number of 
possible energy savings and ways to increase energy exports or decrease energy imports. 
2 Methodology 
2.1 General approach 
We propose a methodology in five steps for decision-making about process integration 
investments when uncertainty is taken into account. A stochastic programming model has 
been developed, and the methodology describes the steps needed to achieve the necessary 
input as well as some proposals for analyzing the results.  
The model is based on an energy systems analysis of the plant considered. Figure 1 
illustrates the idea of such an analysis. First, a number of heat-saving measures are 
identified. These can be an improved heat exchanger network, new and more efficient 
equipment, or technology that replaces steam by excess heat of lower temperatures. The 
realizations of the identified opportunities for heat savings provide, primarily, a 
possibility to decrease fuel imports at the plant. In the case of a plant with combined heat 
and power production, this will also lead to decreased electricity production. A decrease 
of the fuel inputs might also affect the excess heat available for district heating. The 
benefit of decreasing the fuel costs thus has to be weighed against the investment costs 
for both the heat-saving measures and any decreases in power and district heating 
deliveries. The pulp industry is a special case, because many chemical pulp mills are self-
sufficient in energy supply and moreover, the fuel is biomass, which primarily is a raw 
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material for the process. Hence, for such mills heat savings, typically steam savings, will 
lead to a heat surplus at the mill, which enables increased electricity production, or even 
exports of biofuel. 
 
 
 
Figure 1: Energy systems analysis for identification of possible energy efficiency 
measures at an industrial plant. 
 
Most of these strategies to improve the energy efficiency of the plant will lead to a 
reduction of CO2 emissions, for example by reducing the use of fossil fuels. Although 
biomass is generally assumed to be CO2-neutral, the reduction of biofuel use or of 
electricity production from biofuels will also lead to CO2 emissions reductions. The 
explanation is that, since biomass should be considered a limited fuel resource, a reduced 
usage at a particular plant enables the substitution of fossil fuels elsewhere, thereby 
reducing overall emissions.1
Not all identified measures for heat savings can be combined, however, and it is not 
obvious which is the optimal way to benefit from the improved energy efficiency. Hence, 
we need a way to decide which measures yield the highest profit, a task which is 
complicated by the uncertainty of future electricity and fuel prices.  
 
The model is developed to be as general as possible, without limiting its usage to a 
specific industry, or a specific set of energy efficiency measures. The model is a 
multistage mixed-binary linear stochastic programming model. It contains a number of 
binary variables, which typically denote whether investments are made or not. It is 
assumed that investment decisions are made ‘here-and-now’, which means that they are 
decided on and implemented before uncertainties are resolved and any price changes 
occur. After the uncertainties have been resolved, new ‘here-and-now’ decisions might be 
made, for example on additional investments, before any further price changes occur. An 
article presenting a more detailed description of the mathematical model will be published 
(Svensson et al., 2008a).   
The solution to the optimization model will be an optimal investment plan for 
strategic investments with respect to the NPV based on the information about the future 
that is available today. This means that, although results show that investments should be 
made perhaps ten years from now, decisions about those investments should not be made 
now. By then, not only will the true outcome of the uncertain parameters up to that point 
                                               
1 When the plant operates under a cap-and-trade emission trading scheme, there will be no CO2 emissions 
reductions in a short-term perspective. In a long-term perspective, however, energy efficiency 
improvements can be said to open up the possibility to decrease the cap, and thereby in the long run make it 
possible to achieve increased CO2 emissions reductions. 
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be known, but also the knowledge of the future beyond that point will have increased. 
This should be taken advantage of by a renewed optimization of the investments, taking 
into account the changes and outcomes of the parameters that have occurred. 
The main steps of the methodology are: 
1. Identify the opportunities for energy efficiency investments. 
2. Define the constraints on and effects of combining measures. 
3. Gather and compute input data. 
4. Develop a scenario model. 
5. Solve the model and analyze the results. 
 
Each of these steps is described in more detail in the following subsections. 
2.2 Step 1 – Identify the opportunities for energy efficiency investments 
The first step is to identify potential energy efficiency measures at the analyzed plant. 
This is done using process integration methods such as pinch analysis (Kemp, 2007; 
Smith, 1995). The identified efficiency measures render energy savings that either result 
in a heat surplus at the plant that can be used, for example, to produce electricity, or open 
up the possibility of decreasing the use of external fuel. Some examples of such measures 
are listed below: 
 
• Improved internal heat exchange for the reduction of heating and cooling utilities. 
• More energy-efficient equipment, e.g., efficient drying or separation processes. 
• More efficiently integrated units, e.g., use of excess heat for distillation, etc. 
• Heat pumps for increased heat recovery. 
• A wide range of more sector-specific energy cost-saving measures. 
 
In this step, the aim is to identify all relevant opportunities and to characterize these with 
respect to their associated investment costs and resulting energy savings. These 
opportunities are regarded as fixed, that is, with a fixed cost and a fixed energy saving. 
Measures that can be taken to different degrees of energy efficiency are included as 
separate alternatives, for which a successively higher investment cost yields successively 
higher energy savings. 
As a consequence of the characterization of possible energy savings, it will become 
clear whether there exist more than one energy form or energy quality.  These energy 
qualities, which might be, for example, different steam pressure levels, should also be 
noted in this step. Other than steam, energy savings might be in the form of hot water, 
heat in product streams, fuel savings, etc.  
The implementation of investments in energy efficiency offers many possibilities to 
generate an income. There can be several possibilities to choose from (depending on the 
type of industry, situation, etc.). Following in the next paragraph, some possible 
opportunities to decrease the energy costs at a plant are presented in general terms. (Not 
all of them may be of interest in every case.)  
Increased electricity generation in combined heat and power (CHP) plants will lead 
to either decreased import or increased export of electricity. Both steam turbines and gas 
turbines may be of interest. In some sectors as, for example, the food industry or the pulp 
and paper industry, the gas turbines will be combined with biomass gasification. 
Decreased fuel demand will make it possible to either sell surplus fuel or decrease 
purchases. Depending on the marginal fuel use at the plant, this will lead to changes in 
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biofuel or fossil fuel use. Fuel switching is another way of decreasing the energy costs. 
Heat integration with nearby communities or industries through district heating is one 
way to utilize excess heat that would otherwise constitute a cooling demand for the 
process. Finally, CO2 capture and sequestration may, although it is not really an 
investment in energy efficiency, be an effective way to reduce costs related to energy if 
CO2 charges become high. 
Some of the mentioned measures are still under development and are associated with 
uncertainties regarding investment costs and availability. Identifying which possibilities 
should be included in the analysis is also an aim of the first step. 
2.3 Step 2 – Define the constraints on and effects of combining measures 
Constraints that express how different process integration measures can be combined 
constitute an important part of the model, and the mathematical and logical formulations 
of these constraints are specific for each case study. If all opportunities identified in Step 
1 could be realized, the energy savings would in many cases be substantial. This is, 
however, typically not the case: some measures can be combined, some can be combined 
under certain conditions, and some cannot be combined at all.  
An example of the complexity of combining energy efficiency measures is when 
there are several ways of using excess heat. The alternatives might be, for example, 
district heating, process integrated distillation, or heat pumping. Here, the amount of 
excess heat is a limiting factor, and the alternative uses mentioned above cannot be 
combined. Additionally, with improved heat exchange, the available excess heat is 
decreased, which changes the conditions for the alternatives previously mentioned. They 
may still be possible to realize, but the associated costs and resulting heat savings may 
change. Further, other measures may cause heat temperature levels to change. 
It is not a trivial problem to analyze all opportunities for energy efficiency, and one 
has to keep in mind that if one investment is chosen, the energy-saving potential for 
others may change. Knowledge and good understanding of process integration, as well as 
process technology in general, is required. 
2.4 Step 3 – Gather and compute input data 
The basic constituents of the model are expressions that describe the investment costs, 
energy savings, and resulting output from utilizing the improved energy efficiency for 
different purposes. The resulting output is, for example, the amount of electricity 
generated in a turbine, the decreased fuel imports, or the amount of district heating 
delivered to a district heating network. The profit and the associated CO2 emissions 
decrease can then be computed as a function of the output (from the turbines, district 
heating, etc.) at different times. 
A number of constraints describe the mass and energy balances at the plant. Energy 
can be transformed from higher to lower qualities and a balance is formulated for each 
quality. Consider, as an example, the case of steam savings at a pulp mill. The mass 
balances are, in this case, steam balances for each steam pressure level, with the 
opportunity to pass steam from higher to lower pressures. It might be, under certain 
circumstances, possible to increase the output without any heat savings. This is the case 
for new equipment (such as a new turbine), for which the output (the electricity 
generated) is increased compared to that of an old one, simply because it has a higher 
efficiency. 
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The possible increase in energy exports or decrease in energy imports depends on the 
extent to which energy savings have been implemented as well as on the installed 
capacity or size of process equipment such as turbines. It is assumed that the investment 
costs of process equipment are given by nonlinear concave functions. Since we assume a 
mixed-integer linear programming model, these are automatically approximated as 
piecewise linear functions before the optimization is carried out. 
In the mathematical model, the above relations are modelled in a very general way, 
without any need to adjust the expressions for each specific case. However, the necessary 
input data need to be specified. As mentioned above, the profit depends on the output, but 
also on future prices, which leads us to the next step of the model. 
2.5 Step 4 – Develop a scenario model 
Because of the high uncertainty in future energy prices, the mathematical model needs to 
be stochastic. Unlike a deterministic model where typically the expected values of the 
uncertain parameters are used as input, the probability distributions of these parameters 
are taken into account in a stochastic programming model. Then, the expected value of 
the objective function is maximized, which often can lead to substantially different 
solutions compared to those obtained from solving a deterministic model corresponding 
to an average scenario. 
In this step of the methodology a scenario model is developed. The model contains 
the prices and CO2 emissions for a number of scenarios at different times. It is impossible 
in practice to completely characterize the set of possible future outcomes. Simplifications 
are required not only to obtain a simple model, but also because there is no way of 
knowing the ‘true’ probability function. The advantage of using many scenarios, to cover 
many future possibilities, has to be weighed against the disadvantages of having to 
estimate the probability for each of the scenarios to occur and ending up with a very 
large-size optimization model. 
Electricity and fuel prices are strongly correlated. Hence, we propose the use of a 
limited number of consistent energy market parameter sets, or building blocks, which can 
be used to build a scenario tree. These building blocks could (depending on the purpose 
of the study) represent, for example, a successively more ambitious emissions reduction 
target. By combining these blocks in different ways, a number of possible development 
paths towards the future are constructed. The probability of each of these paths should 
then be estimated, hence the need for simplification and a limited number of such paths. 
In the process of constructing the development paths it becomes obvious that the time 
parameters need to be decided on in this step. The parameters of interest are the time 
intervals for which the building blocks are assumed to be valid, the economic lifetime of 
the investments, and the total time span analyzed. Although nothing in the mathematical 
model prevents these parameters from being chosen freely, some general aspects should 
be considered. It should be noted that the total time interval should not be longer than the 
economic lifetime of the investments. The economic lifetime has to be sufficient in order 
to analyze the timing of investments for a reasonable period of time. For many decision-
makers in industry, an economic lifetime of 30 years might seem too long, but in this kind 
of analysis it should be appropriate. It is important, though, as in any other economic 
evaluation, that the economic lifetime chosen should not be longer than the expected 
technical lifetime. It is of course also possible to choose a shorter lifetime, but it will set a 
limit on how far in the future the investment plan will be valid. While discussing the 
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choice of the economic lifetime, it is also appropriate to decide on the discount rate to 
use. 
For investments made close to the end of the analyzed time period, a residual value is 
calculated accounting for cash flows that would occur after the analyzed time period. 
Calculating those cash flows would require detailed data and information regarding the 
management and operation of equipment after its presupposed economic lifetime. It is 
difficult to know what decisions will be taken regarding equipment that is no longer 
operating efficiently. If it continues to be in operation, the maintenance costs and shut-
down times might increase. Alternatively, it may be shut down permanently, possibly 
yielding a scrap value, but then new investments have to be made, either for a similar 
piece of equipment, or for an alternative process solution. Hence, simplifications are 
necessary. In the proposed model, the residual value is chosen to even out the annualised 
investments for the missing years. This should be a reasonable approach, since the cash 
flows estimated in this way will neither increase nor decrease the net present value of the 
investments.  
At present, the model can handle uncertainties in prices and CO2 emissions. It would 
also be of interest to incorporate uncertainties in investment costs and availability of new 
technologies. This would directly imply the need for even more scenarios, and a model 
for the relations between the different uncertain parameters would then be necessary. To 
incorporate other sources of uncertainty is not the aim of this study, but will be an 
interesting continuation. 
2.6 Step 5 – Solve the model and analyze the results 
Under the assumptions made here, the resulting optimization model will be a multistage 
mixed-binary linear programming model. There are both commercial and free software 
available for formulating and solving such models. The default objective of the model is 
the net present value (NPV), but associated CO2 emissions reductions can also be studied. 
A number of customizations can be done in order to analyze the results. The total 
number of investment occasions can be limited. Alternatively, the total investment for 
each investment occasion may be limited. If the limit is not reached, money can be saved 
until the next period. A limit on CO2 emissions can be set, thus enabling the possibility of 
analyzing the trade-off between maximizing the NPV and minimizing the CO2 emissions. 
A way to handle risk more explicitly is to set a limit for the worst-case scenario NPV. 
It should also be noted that it is possible to employ an iterative procedure for the five 
steps. Solutions that are not suitable, for one reason or another, may be excluded by the 
introduction of new constraints in order to avoid only the unwanted investments or 
operating conditions. These constraints could of course have been introduced already in 
Step 2. The advantage of not introducing all constraints at once is that more knowledge, 
particularly about the advantages with a flexible system, can be obtained. This is an 
opportunity for an interactive procedure that will increase the insights regarding the 
system characteristics. 
The results can be analyzed in a variety of ways, some of which have already been 
mentioned. It is also recommended to vary the probability distribution of the development 
paths in order to investigate how important the estimate of the distribution is. This is a 
sensitivity analysis that can be used to check the stability of the solution. Furthermore, the 
economic parameters such as the economic lifetime and the discount rate should be varied 
in order to investigate the difference between a short-term perspective solution and a 
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more strategic one. This might affect the developed scenario model, which then has to be 
changed accordingly. 
For all analyses it is important to remember that the solution value (the NPV) might 
vary substantially for different sets of economic parameters, for different scenarios, etc., 
while the characteristics of the optimal solution regarding the optimal initial investment 
might still be the same. 
3 Summary and conclusions 
To summarize, this paper presents a methodology that has been developed for evaluating 
investments in energy efficiency measures with respect to their net present values and 
possibly also environmental objectives. The methodology considers explicitly the 
uncertainties of future energy prices and policies while, in addition, a number of 
constraints can be formulated to model the complex relations between different process 
integration opportunities. The aim of the methodology is to combine knowledge of 
process integration and stochastic programming in order to receive a better basis for 
investment decisions. 
A step-by-step procedure is proposed, beginning with the identification of 
opportunities for, as well as constraints on, the implementation of energy efficiency 
measures. The following steps consider data collection for the energy balances and the 
technical and economic parameters, including the uncertain parameters. Finally, the 
model is solved and the results are analyzed. The methodology developed does not limit 
the kinds of analyses that can be carried out in this step, but some suggestions are 
provided in the description of the methodology. The usefulness of the methodology is 
justified by the fact that it is the first approach to apply a multistage stochastic 
programming approach for the optimization of these kinds of investments in process 
integration. The methodology is illustrated in Svensson et al. (2008b), where a case study 
using the described methodology for the evaluation of energy efficiency measures at a 
pulp mill is presented, see also Svensson et al. (2008a). 
The methodology provides a framework for analyzing investment alternatives in 
which complex combinations of energy-efficiency measures are possible to implement. 
The method is not limited to comparing a few discrete alternatives as is often the case in a 
real options approach.  Uncertainties and the time-dependence of parameters such as 
energy prices and policies are explicitly incorporated in the optimization model. This 
takes the handling of uncertainties far beyond the way they are handled in a traditional 
sensitivity analysis, thereby enabling the identification of robust solutions. 
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